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The positive relationship between abundance and occu-
pancy is amongst the most general patterns in macroecology 
(Gaston & Blackburn, 2000). The more sites or localities
at which a species is found, the larger the population size
of that species is likely to be. Occupancy, or the presence 
(rather than absence) of a species in a sample or at a site or 
locality, forms the basis of the measurement of the range 
size and spatial distribution of species in ecology (McGeoch 
& Gaston, 2002). The intraspecific occupancy–abundance 
relationship, which describes the relationship between the
abundance and occupancy of a species over time or across
regions, is also one of the most widely used descriptors of 
species distribution patterns (Holt, Gaston & He, 2002).
In addition to widespread use of the occupancy–abun-
dance relationship as a species descriptor, the relation-
ship has significant potential value in conservation and 
species management, as it can be used to predict species
abundance from measures of their occupancy (Gaston &
Blackburn, 2000; He & Gaston, 2003; Warren, McGeoch
& Chown, 2003). In most instances it is logistically dif-
ficult and too costly to count the number of individuals
of any species, even in a local community, due to the high
mobility of many animal species, as well as the difficulty
associated with defining what an individual is in some 
plant species (e.g., clonal plants) (Dieckmann, Law &
Metz, 2000; Gaston & Blackburn, 2000; Hubbell, 2001). 
As a consequence, species data are commonly available
in binary, or presence–absence, form, without associated 
abundance counts. Nonetheless, abundance data are more 
informative, as, for example, they enable assessments of 
population viability, or control and economic thresholds 
(Nachman, 1981; Perry, 1998; He & Gaston, 2000a). 
Therefore, methods that may be used to accurately esti-
mate abundance from occupancy data (such as that devel-
oped by He & Gaston, 2000a) are potentially extremely 
useful (Kunin, 1998; Kunin, Hartley & Lennon, 2000; He 
& Gaston, 2000a; 2003; Hui, McGeoch & Warren, 2006).
An important first step towards predicting abundance 
from occupancy is an accurate description of the occupancy–
abundance relationship. Several statistical and mathematical
models have been derived to describe this relationship (He
& Gaston, 2000a; Holt, Gaston & He, 2002). Indeed, the
large number of models derived for this relationship reflects
ongoing efforts to improve its description. Here we assess 
6 traditional occupancy–abundance models by fitting them 
to empirical data. We do so primarily not to compare their 
goodness of fit (which has been done elsewhere: He, Gaston
& Wu, 2002; Holt, Gaston & He, 2002), but rather to exam-
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ine the way in which they deviate from real data. We then 
present a new model, the droopy-tail model (DTM), that 
accommodates the systematic deviation found and show that 
this model most closely approximates empirical data. This 
new model takes into account the percolation effect of scale 
on the occupancy–abundance relationship (described below). 
In doing so, it provides improved fit at coarse scales, i.e.,
scales for which occupancy data are most commonly avail-
able (Kunin, Hartley & Lennon, 2000; McGeoch & Gaston, 
2002). Furthermore, a model that provides an accurate 
description of the occupancy–abundance relationship across 
both fine and coarse spatial scales will be the most useful for 
understanding the mechanisms that underlie species distribu-
tion patterns (Gaston & Blackburn, 2000).
Models
OCCUPANCY–ABUNDANCE MODELS
There are 6 commonly used models for describing the 
intraspecific occupancy–abundance relationship (Table I). 
The Poisson distribution, which has a long history, describes 
the occupancy–abundance relationship for randomly distrib-
uted species (Wright, 1991; He & Gaston, 2000a). However, 
it has limited application because most species have aggre-
gated, rather than random, distributions (Taylor, Woiwod 
& Perry, 1978). Nachman (1981) provided an exponential
relationship based on the change in the proportion of empty 
patches, which does not make any assumptions about the 
form of the underlying theoretical spatial distribution. Based 
on the colonization–extinction dynamics of the metapopula-
tion model, Hanski and Gyllenberg (1997) later presented a 
Levins-like (logistic) equation to describe the occupancy–
abundance relationship. He and Gaston (2000b) found that 
the limitation of both Nachman’s (1981) and Hanski and 
Gyllenberg’s (1997) models was that their parameters are
dependent on the scale used, i.e., parameters derived from 
the model at one scale cannot be extrapolated to another (see 
Holt, Gaston & He, 2002). Kunin (1998) proposed a linear, 
scale-occupancy curve (or “scale–area curve”) and present-
ed the slope of the curve as a scale-independent measure of 
species abundance. This scale-independent occupancy curve 
is an inevitable outcome of the fractal distribution of species 
(invoking the debate on the form of the spatial distribu-
tion of individuals [Harte, Kinzig & Green, 1999; Kunin, 
Hartley & Lennon, 2000; Harte, Blackburn & Ostling, 2001; 
Maddux, 2004; Ostling et al., 2004]). However, Kunin’s 
(1998) fractal model describes the relationship between 
occupancy and spatial scale, rather than between abundance 
and occupancy. Kunin’s (1998) model consistently overes-
timated the occupancy of 73 rare British plant species (He 
and Gaston, 2000a), and Kunin, Hartley, and Lennon (2000) 
proposed “grid saturation” as the reason for this overesti-
mation. He and Gaston (2000a) adopted negative binomial
distribution to obtain an occupancy–abundance relationship, 
which was further improved by replacement of the aggrega-
tion parameter, k, with that obtained from Taylor’s power 
law (Taylor, 1961; He & Gaston, 2003). However, He and 
Gaston’s improved negative binomial model still slightly 
underestimates the abundance and the occupancy of species 
under certain circumstances and at particular scales (He & 
Gaston, 2000a; Kunin, Hartley & Lennon, 2000; Warren, 
McGeoch & Chown, 2003). These models have all been 
shown to variously provide better fits for data with differ-
ent properties (He, Gaston & Wu, 2002; Holt, Gaston & 
He, 2002). Nonetheless, as we show below, they all tend to 
underestimate occupancy, particularly at coarse scales.
DROOPY-TAIL MODEL
To obtain an accurate description of the occupancy–
abundance relationship, an accurate description of the occu-
TABLE I.
Model Occupancy–abundance relationship References
Poisson (PD)  Wright, 1991
Exponential (EX)  Nachman, 1981
Metapopulation (META) Hanski & Gyllenberg, 1997
Fractal (FRA)  Kunin, 1998
Negative Binomial (NBD) He & Gaston, 2000a
Improved NB (INBD) He & Gaston, 2003
Droopy-tail (DTM)  
Note: Improved NB means improved negative binomial (also in Table II). Pa is the occupancy observed under the grain (or sample unit size) a; N is abundance; 
A is extent (see McGeoch & Gaston, 2002). , ,  and  are 4 positive parameters (see Nachman, 1981, and Hanski & Gyllenberg, 1997),  k is an aggregation 
parameter, c and b are the parameters of Taylor’s power law, and â is the minimal grain for which the occupancy equals one. r is a parameter that describes 
the intrinsic rate of change of occupancy with grain.
pancy-scaling relationship is necessary, i.e., how species’ 
occupancy changes with spatial scale (McGeoch & Gaston, 
2002; Hui, McGeoch & Warren, 2006). Sample unit size 
(grain) and the maximum area within which sampling is 
conducted (extent) define the minimum and maximum spa-
tial limits of any study of organisms conducted across space, 
and values of sample grain and species occupancy are well 
known to be related to each other (McGeoch & Gaston, 
2002). Empirical occupancy data are commonly logistically 
related to grain, both across taxonomic groups and also in 
other forms of incidence data (Kunin, 1998; Kunin, Hartley 
& Lennon, 2000; He & Gaston, 2000b). This is illustrat-
ed here with 4 examples (Figure 1a). The first, the sub-
Antarctic cushion plant, Azorella selago Hook (Apiaceae), 
was sampled on Marion Island (46° 55' S, 37° 45' E;
Prince Edward Islands) (2 quadrates [I, 597.656 m2; II, 
697.773 m2] from opposite sides of the island, each con-
taining all cushion plant individuals in an area, n 200; Le 
Roux et al., 2005). The remaining examples were extracted 
from the literature: the distribution of Japanese beetle larvae, 
Popillia japonica, in pasture soil (n 880, area 1.125 m2;
Fleming & Baker, 1936; Figure 2a in Perry, 1995); the 
distribution of lung cancer cases in Lancashire, United 
Kingdom (1974–1983) (n 682, area 1600 ha; Figure 7
in Gatrell et al., 1996); and the distribution of the tropical 
tree Dacryodes rubiginosa in the Pasoh Forest, Malaysia 
(n 591, area 50 ha; Figure 1 in He & Gaston, 2000a).
Figure 1b illustrates these occupancy data (Pa) trans-
formed to the logarithm of absence, i.e., ln(1–Pa). A char-
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FIGURE 1. a) The relationship between the occupancy (Pa) and grain (a). Data include cushion plants, Azorella selago, on Marion Island (quadrates I and 
II); Japanese beetle larvae; lung cancer cases in Lancashire (UK); and a tree species in the Pasoh Forest, Malaysia (see text for details). b) The relationship 
between occupancy (transformed as ln(1–Pa) and grain in the latter 3 data sets. Note that the actual scale of the cushion plant grain data is used, whereas the 
other data were multiplied by a constant to achieve a common scale for comparison. Solid lines qualitatively show the basic form of the 4 traditional mod-
els (exponential, metapopulation, negative, and improved negative binomial models: see text), and dashed lines delineate the “droopy-tail” character of the 
empirical data. c) and d), The relationship between occupancy (transformed as ln(1–Pa)) and grain in quadrates I and II for observed (points) cushion plant 
data and as predicted (lines) by the 7 occupancy-abundance models (see Table I).
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acteristic feature of the relationship between ln(1–Pa) and 
grain (a) is its “droopy-tail” character, i.e., rapid decline 
at coarse grain (Figure 1b). However, as we later show 
empirically, the 6 traditional models (with the exception of 
the fractal distribution) deviate most from the data in this 
region. At coarse scales (large grain) the empirical absence 
(ln(1–Pa)) declines more rapidly than traditional mod-
els predict. This is because the slopes of the exponential 
( < 1), metapopulation, negative binomial, and improved 
negative binomial models (as shown in Table I) limit to 
zero with an increase in grain a, yet the slopes of empirical 
data converge to negative infinity. This difference in slopes 
results in the underestimation of occupancy by these 4 mod-
els at coarse scales.
Therefore, to improve the fit of an occupancy–abun-
dance model, this characteristic “droopy-tail” in the rela-
tionship must be captured. The droopy-tail reflects both 
the non-monotonic nature of the slope of the occupancy-
abundance relationship (Figure 1b) and the phenomenon of 
the percolation effect on the scaling pattern of occupancy. 
A percolation process is a mathematical description of the 
random spread of a fluid through a medium (Smythe & 
Wierman, 1978; Sahimi, 1994), where the random mecha-
nism governing the spread of the fluid is ascribed to the 
medium rather than the fluid itself (Grimmett, 1999). The 
description of the percolation process has been useful in 
spatial ecology (Tilman, Lehman & Kareiva, 1997), e.g.,
in studies of forest gaps (Sole, Bartumeus & Gamarra, 
2005), in rescaling (Durrett, 1988), and in describing the 
perimeter of species range sizes (He & Hubbell, 2003). 
The percolation process is a description of the characteris-
tics of a species distribution and does not consider species 
population dynamics. Here, the droopy-tail characteristic 
in the occupancy–abundance relationship (see Figure 1B)
is well described as a percolation process and reflects the 
percolation effect of grain a on the log-transformed absence
ln(1–Pa) of the point distribution map of a species. With 
an increase in grain, adjacent occupied patches merge (as 
a cluster; analogous to continuum and band percolation, 
Broadbent & Hammersley, 1957; Plotkin, Chave & Ashton, 
2002). With a decrease in grain, the process is essentially 
similar to the construction of a random Cantor set (a fractal 
percolation; Mandelbrot, 1983). The percolation process 
describes the droopy-tail nature of the abundance–occu-
pancy distribution well. Therefore, percolation theory shows 
that there is a critical grain â above which (a > â) there will 
be an “infinite, open cluster” (Grimmett, 1999), i.e., the 
probability of finding an occupied sample is one (Pa = 1 or 
ln(1–Pa) = – . This is the mathematical reason that ln(1–
Pa) has a “droopy-tail” (converging to – ) when the grain is 
close to the critical size (a  â).
The percolation effect is thus evident in the slope of 
the occupancy–abundance relationship at coarse scales. The 
simplest non-linear model to describe this relationship (the 
droopy-tail model [DTM]) may be obtained by transforming 
the solution of a logistic equation, dy/dx = r(y + /r)(1–y/K),
in which r is the intrinsic rate of increase, K is the carrying 
capacity, and  is the slope of the solution when x is small. 
After symmetrically transforming the curve about the line 
y = x and then about the x-axis (y = 0), the logistic equation 
has the following form:
[1]
where x0 is the intersection on the x-axis. Because the 
slope of the Poisson and negative binomial (including the 
improved NB) models converge to 1/d (the inverse of the 
population density d ) when a is small, we substitute 1/d
into . We substitute ln(1–Pa) into y and grain a into x and 
obtain a scaling theory of occupancy:
[2]
where â is substituted for K and indicates the grain at which 
occupancy equals one, while a0 is the grain for which occu-
pancy equals zero. For simplicity, we say a0 = 0. In addition, 
the density of the population has an obviously linear rela-
tionship with abundance (d = N/A) that is theoretically and 
empirically well supported (Hubbell, 2001; He & Gaston, 
2000a). Accordingly, we obtain an occupancy–abundance 
relationship as follows (shown as transformed in Table I):
[3]
When râN/A = 1, equation [3] converges on a Poisson dis-
tribution. If râN/A < 1, the DTM will always lie below the 
Poisson distribution (when the data tend towards a regular 
distribution). If râN/A > 1 (i.e., when the data are aggre-
gated), it will at first lie above the Poisson distribution, but 
finally lie below it. Moreover, because of the strong linear 
relationship between the mean abundance in samples a
and grain a, a = a·d (for all the data sets R2 0.99 and 
P 0.0001), the occupancy–abundance relationship has 
the same shape as the occupancy–grain (Pa ~ a) relation-
ship. An accurate occupancy–grain relationship will result 
in accurate estimation of the mean and total abundance. 
Therefore, hereafter we only consider the results of the 
occupancy–grain relationship from different models, as 
these are in essence equivalent to their respective occu-
pancy–abundance relationships.
Empirical evaluation
We fitted the 6 traditional models and the droopy-tail 
model to the 2 quadrates of cushion plants. Values of grain 
a, occupancy Pa, and density d in different models were 
obtained directly from observation (for quadrate I of the 
cushion plant data, occupancy was measured using 101 val-
ues of a [grain]; for quadrate II, 132 values of a were used). 
Other parameters (such as , , and k, etc.) were estimated 
by minimizing the log-likelihood function of absence: 
where s is the total number of grain values, Pi and Pi' are 
the observed and predicted values of occupancy under 
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the grain ai (1 i s). The results are shown in Figure 1
(c and d). Comparisons of the fit of each of the 7 models 
to the observed data were made using generalized linear 
models (with a Poisson link function and scaled deviance) 
on the difference between observed and predicted occu-
pancies (McCullagh & Nelder, 1989). Comparisons were 
made using the full spatial range, i.e., across all grains, for 
each model, as well as separately on the fine, medium, and 
coarse scale components of each relationship (the full range 
of grains was subdivided into lower, middle, and upper 
thirds). Multiple comparisons between model mean differ-
ences were conducted using 95% confidence intervals of the 
weighted marginal means. Akaike’s information criterion 
(AIC) was also used on regression models of observed ver-
sus predicted occupancies from each abundance–occupancy 
model (Quinn & Keough, 2002) to identify which abun-
dance–occupancy models were included in the best regres-
sion models for observed occupancy (the fractal model 
was excluded here because of its generally poor fit to the 
observed data).
Based on these comparisons, the droopy-tail and 
improved negative binomial models consistently performed 
better than the remaining models, although the exponential 
model also performed well in some cases (Table II, fine and 
medium grain models are not shown as results were similar 
to those of the full model). The droopy-tail model per-
formed best (although not always significantly better than 
the improved NB or exponential models) and appeared in all 
models with the lowest AIC values (Table II). Importantly, 
at the coarse grain, the DTM fitted better than other models.
The fractal model performed inconsistently and poorly 
in most cases (Table II, Figure 1c and d). As expected, the 
Poisson distribution also deviated significantly from the 
real data (Taylor, Woiwod & Perry, 1978). The negative 
binomial, improved negative binomial, exponential, and 
metapopulation models fitted the data well at fine scales, but 
overestimated absence (ln(1–Pa)) with an increase in grain 
(a). Therefore, these 4 models underestimate occupancy with 
an increase in grain and, as a consequence, will underesti-
mate abundance with coarse-scale occupancy data (Kunin, 
Hartley & Lennon, 2000; He & Hubbell, 2003; Warren, 
McGeoch & Chown, 2003). This underestimation is likely 
to be a result of spatial non-independence in the data that is 
not captured by the models (Warren, McGeoch & Chown, 
2003). With an increase in grain, the spatial distribution of 
individuals rapidly changes from spatially independent to 
spatially autocorrelated (Hui, McGeoch & Warren, 2006). 
This is indeed a percolation effect, realized as the accelerat-
ing rate of increase in occupancy with increasing grain. The 
DTM model thus closely approximates empirical data and 
captures the characteristic rapid decline in absence at coarse 
scales. In this respect it is a fundamental departure from 
previous models (exponential, metapopulation, negative 
binomial, and improved NB) in which the slopes limit to 
zero at coarse scales. The slope of the DTM limits to nega-
tive infinity at coarse scales. Although Kunin, Hartley, and 
Lennon (2000) demonstrated this limitation of the former 
models, and the fractal model they proposed also limits to 
negative infinity, the low accuracy of the fractal model at 
fine and intermediate scales restricts its usefulness (see also 
He & Gaston, 2000a).
Conclusion
The DTM reflects the logistic relationship between 
occupancy, transformed as ln(1–Pa), and mean abundance 
a = a·d (equation [2]). The parameters r and â in the DTM 
also provide additional information on species distribu-
tions. Parameter r represents the scaling relationship of the 
distribution, i.e., changes in occupancy with sample scale 
(grain). Parameter â provides a measure of “grid satura-
tion”, i.e., information on the upper limit to the grain that is 
useful in examining species distributions (Kunin, Hartley & 
Lennon, 2000). The nature of empirical data is generated by 
a percolation effect that is captured by the DTM, which thus 
provides a better description of empirical intraspecific occu-
pancy–abundance relationships than alternative models.
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TABLE II. Differences (mean of absolute differences between pairs ± SD) between observed occupancy and the occupancy predicted by each 
of the 7 occupancy–abundance models. Results provided for the full range of the relationship, as well as for the coarse grain components 
separately (upper/largest third of all grains used), for each of the 2 sampled quadrates (I and II) of cushion plants. Models with different letters 
P < 0.05. Values in bold denote occupancy–abundance models included in the 
P < 0.001; AIC = –52.28, df = 2,
P < 0.001; AIC = –396.39, df = 4, P < 0.001; AIC = –84.08, df = 2, P < 0.001).
Quadrate I Quadrate II
Model Full range (n = 101) Coarse grain (n = 33) Full range (n = 132) Coarse grain (n = 44)
Droopy-tail 0.04 ± 0.24a 0.09 ± 0.25a 0.05 ± 0.18a 0.08 ± 0.20a
Improved NB 0.08 ± 0.17ab 0.22 ± 0.16bc 0.07 ± 0.16ab 0.15 ± 0.14ab
Exponential 0.07 ± 0.19ab 0.19 ± 0.17abc 0.15 ± 0.11cd 0.32 ± 0.10b
Negative binomial 0.12 ± 0.15b 0.32 ± 0.13bc 0.10 ± 0.13bc 0.25 ± 0.11b
Metapopulation 0.21 ± 0.11c 0.54 ± 0.10d 0.21 ± 0.09d 0.48 ± 0.08c
Fractal 0.10 ± 0.22ab 0.31 ± 0.08e 0.56 ± 0.08c
Poisson 0.80 ± 0.05d 1.63 ± 0.06e 0.87 ± 0.04f 1.84 ± 0.04d
Note: for FRA, n = 54 (quadrate I, full range), 121 (quadrate II, full range), 33 (quadrate II, coarse grain). 
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